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Abstract
Establishing correspondences is a fundamental task in variety of image processing and com-
puter vision applications. In particular, finding the correspondences between a non-linearly
deformed image pair induced by different modality conditions is a challenging problem.
This paper describes a efficient but powerful image transform called local area transform
(LAT) for modality-robust correspondence estimation. Specifically, LAT transforms an
image from the intensity domain to the local area domain, which is invariant under nonlinear
intensity deformations, especially radiometric, photometric, and spectral deformations. In
addition, robust feature descriptors are reformulated with LAT for several practical appli-
cations. Furthermore, LAT-convolution layer and Aception block are proposed and, with
these novel components, deep neural network called LAT-Net is proposed especially for
scene recognition task. Experimental results show that LATransformed images provide a
consistency for nonlinearly deformed images, even under random intensity deformations.
LAT reduces the mean absolute difference by approximately 0.20 and the different pixel
ratio by approximately 58% on average, as compared to conventional methods. Further-
more, the reformulation of descriptors with LAT shows superiority to conventional methods,
which is a promising result for the tasks of cross-spectral and modality correspondence
matching. LAT gains an approximately 23% improvement in the correct detection ratio
and a 10% improvement in the recognition rate for the tasks of RGB-NIR cross-spectral
template matching and cross-spectral feature matching, respectively. LAT reduces the bad
pixel percentage by approximately 15% and the root mean squared errors by 13.5 in the task
of cross-radiation stereo matching. LAT also improves the cross-modal dense flow estimation
task in terms of warping error, providing 50% error reduction. LAT-Net provides 14% and
7% accuracy improvements in cross spectral scene recognition and domain generalized scene
recognition tasks, respectively. the local area can be considered as an alternative domain to
the intensity domain to achieve robust correspondence matching, image recognition, and a lot
of applications: such as feature matching, stereo matching, dense correspondence matching,
image recognition, and image retrieval.
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Chapter 1
Introduction
Correspondence matching is a basic and fundamental task in a vast range of image processing
and computer vision applications: image denoising [1, 2], image editing [3, 4], object tracking
[5], stereo matching [6], optical flow [7], image retrieval [8], image recognition [9, 10], and
scene recognition [11, 12]. Conventional correspondence matching algorithms are commonly
based on gradient-based descriptors [13–15]. In real world, however, images are acquired
in an uncontrolled environment; thus, the image may suffer intensity deformations due
to changes in illumination conditions, camera photometric parameters, viewing positions,
and so on [16]. Furthermore, recently, cross-modality imaging system (e.g., multi-spectral
imaging system [17, 18] has been attracted many attentions to address challenging problems
occurring in the conventional unimodal imaging system. Images acquired from different
modalities also have intensity deformations due to changes in sensor responses and spectral
distributions.
These deformations between patches or images induce the inaccuracy problem of the
correspondence matching. Let I1 and I2 be two input images, and α(p) ∈ I2 be the corre-
sponding pixel of p ∈ I1. When dealing with a correspondence matching under uncontrolled
environments or multi-modalities, three groups of approaches have been considered: tone
mapping, color constancy, and robust similarity measure. The first group, called tone map-
ping, attempts to determine a mapping function M such that M {I1(p)} = I2(α(p)). A
classic method for extractingM is a histogram matching [19], which computes a mapping
function that optimally aligns the histogram of I1 with that of I2. Several methods compute
a mapping functionM based on the statistical distribution of intensity values [20]. More
sophisticated mapping functions were well reviewed in [21]. Tone mapping approaches
commonly assume that I1 and I2 are entirely aligned into same scene regions. This as-
sumption is clearly hold only when the images are taken at the same viewpoint under the
same illumination condition, but in other cases the obtained mapping functionM might be
erroneous and inconsistent.
The second group, called color constancy, tries to find a model S to transform im-
ages into constant color space removing illumination components such that S {I1(p)} =
S {I2(α(p))}. One of the most popular methods is grey-world model which removes the
illumination spectral distribution factor with an assumption that, under a white light source,
the average color in a scene is achromatic (i.e., grey) [22]. Another well-known method,
white patch retinex model, assumes that the maximum response in an image is caused by a
perfect reflectance (i.e., white patch). In practice, this assumption is alleviated by considring
the color channels separately, resulting in the max-RGB algorithm. The normalized chro-
maticity model is commonly used for the elimination of the lighting geometry factors under
the Lambertian reflectance model [22]. Gamut mapping and other learning based algorithms
have been also investigated [23]. However, most models cannot remove the dependency of
the lighting geometry and the illumination spectral distribution simultaneously as will be
discussed in Chapter 2.
The third group, called robust similarity measure, attempts to describe a local signature
within a patch invariant to a nonlinear deformation. In some cases, an intensity deformation
is nonlinear but still maintains a monotonicity, i.e., the order of intensity-levels is preserved.
Similarity measures based on such an ordinal value include local binary pattern (LBP) [24],
binary robust independent elementary features (BRIEF) [25], rank transform (RT) [26], and
census transform (CT) [27]. Although these ordinal information based approaches account
for a monotonic mapping, they fail under a non-monotonic intensity deformation.
A gradient-based similarity measure, such as histogram of gradients (HOG) [15] and
scale invariant feature transform (SIFT) [13] has been considered a photometric invariant
similarity measure. Such a method inherently, however, causes the loss of information due to
the contraction of data weakening their discrimination power and fails under a non-monotonic
mapping. Normalized cross correlation (NCC) measures the cosine of an angle between two
vectors, and thus is robust to a linear intensity deformation. To address the inaccuracy at an
object boundary of the NCC, adaptive normalized cross correlation (ANCC) is proposed in
[28]. In [29], a generalized version of NCC is proposed, which is called matching by tone
mapping (MTM). Mutual information (MI) [30] is widely used similarity measure for images
with nonlinear deformations. MI measures the statistical dependence between two vectors v1
and v2 by computing the loss of entropy in v1 given v2.
To summarize, the conventional methods approached to solve the problem of a nonlinear
intensity deformation by adjusting intensity values to be similar or utilizing a gradient,
ordinal information, and a statistical measure. However, these approaches cannot account for
a general nonlinear intensity deformation. This paper proposes to use local area information
as a robust index for nonlinear intensity deformations. We define local area transform (LAT)
as a robust mapping of an image from an intensity domain to a local area domain. LAT is
designed to address the nonlinear deformation problem of images which may be acquired
from different photometric parameters, light sources, and modalities. The objective of LAT
is similar to a color constancy, i.e., transferring an image from the original intensity (or color)
values to constant intensity (or color) domain. However, unlike the color constancy LAT
alters an image from intensity domain, which is sensitive to a nonlinear deformation, to
robust local area domain. Ordinal transform such as LBP, RT, and CT also aims to transfer an
image to ordinal information domain, but fails under a non-monotonic intensity deformation.
As our knowledge, this study is the first attempt to address a nonlinear deformation problem
with the local area information in the task of a correspondence matching.
This study prove that the LAT is robust image transform for non-linear intensity, radio-
metric, photometric, and spectral deformations. Also, efficient implementation of LAT is
proposed with integral histogram. Besides the use as a transformation, the concept of LAT
is extended to reformulate the conventional robust feature descriptors such as SIFT, LSS,
CT, RT, and etc. The reformulation embeds great properties of LAT into the conventional
feature descriptors. The reformulated descriptors show that superior performance in tasks
of non-linear deformation correspondence matching, cross-spectral correspondence match-
ing, cross-radiometry stereo matching, and cross-modality dense correspondence matching.
Furthermore, novel deep networks are proposed to address cross-domain scene recognition
problem. In the proposed deep scene recognition network, conventional convolutional layers
are replaced by LAT-convolution layers and aception block is introduced. The proposed deep
scene recognition networks outperform the conventional methods in tasks of cross-spectral
scene recognition and domain generalized scene recognition.
The remainder of this dissertation is organized as follows. In Chapter 2, related literatures
are presented. In Chapter 3, LAT is described with its properties and implementation
details. LAT-reformulated features and LAT-Net are also presented. In Chapter 4, the
performances of LAT are evaluated in tasks of nonlinear-deformed image matching, cross
spectral correspondence matching, cross radiometry stereo matching, cross modal dense flow
estimation, and cross modality scene recognition. Chapter 5 concludes this paper with the
discussions.
Chapter 2
Related Works
An image taken by a linear imaging device with ith sensor is modeled as [31]:
Ii(p) =
∫
ω
E(T,λ )S(p,λ )Fi(λ )dλ , (2.1)
where Ii(p) denotes the sensor response at a point p in the spatial coordinate, E(T,λ )
represents the spectral distribution of the incident illuminant, S(p,λ ) represents the surface
reflectance at p, and Fi(λ ) represents the spectral response of the sensor. Approximating
the sensor spectral response Fi(λ ) as the Dirac delta function such that Fi(λ ) = υiδ (λ −λi),
(2.1) is simplified as follows:
Ii(p) = E(T,λi)S(p,λi)υi. (2.2)
Under Planck’s law, the spectral distribution of the illuminant E(T,λi) is modeled a
function of the absolute temperature T and the wavelength λ as E(T,λi) = c1λi−5ec2/λT
where c1
∆
= 2hc2, c2
∆
= hck , c is the speed of light, h is Planck’s constant, and k is Boltzmann
constant. The surface reflectance S(p,λi) is represented as S(p,λi) = m(p)Sm(p,λi) where
m(p) is a lighting geometry factor and Sm(p,λi) is the matte-surface reflectance with the
assumption of a matte surface. Taking the exposure time εi into the consideration, the image
acquisition model in (2.2) is modified as
Ii(p) = εiE(T,λi)S(p,λi)υi. (2.3)
When images are acquired in an uncontrolled environment or in cross-modality system,
they suffer from nonlinear deformation problem induced by different modalities. To address
the correspondence problem under uncontrolled environments or multi-modalities, three
groups of approaches have been explored: tone mapping, color constancy, and robust
similarity measure. Color constancy is closely related works to the proposed LAT. Color
constancy tries to find a modelS to transform images into constant color space removing
illumination components such that S {I1(p)} =S {I2(α(p))}. One of the most popular
methods is grey-world model which removes the illumination spectral distribution factor with
an assumption that, under a white light source, the average color in a scene is achromatic
(i.e., grey) [22]. Another well-known method, white patch retinex model, assumes that the
maximum response in an image is caused by a perfect reflectance (i.e., white patch). In
practice, this assumption is alleviated by considring the color channels separately, resulting
in the max-RGB algorithm. The normalized chromaticity model is commonly used for
the elimination of the lighting geometry factors under the Lambertian reflectance model
[22]. Gamut mapping and other learning based algorithms have been also investigated [23].
However, most models cannot remove the dependency of the lighting geometry and the
illumination spectral distribution simultaneously. More recently, deep neural networks based
color constancy methods were also explored [32–35]
Grey world model estimates the illuminant by averaging channel values under the assump-
tion that the average reflectance in an image is achromatic, and is proven to be an instantiation
of Minkowski-norm (ρ = 1) [36]. Then, the gray world model IGi(p) is computed as follows:
IGi(p) = Ii(p)/∑
q
Ii(q)
= εiE(T,λi)S(p,λi)υi/∑
q
εiE(T,λi)υiS(q,λi).
(2.4)
In practice, it is computed within local neighborsNp with the assumption of E(T,λi) to
be locally constant, thus (2.4) is simplified as:
IGi(p) = S(p,λi)/ ∑
q∈Np
S(q,λi). (2.5)
(2.5) implies that the gray world model is invariant to an illumination deformation under
the local-constancy assumption. However, when dealing with images acquired by different
modalities (e.g., cross-spectral) S undergoes non-linear deformation, thus the gray world
model is no longer guarantee the robustness to spectral deformations.
The kth-channel normalized chromaticity INk(p) [22] eliminates the effect of the lighting
geometry by dividing each channel response by the average of them as follows:
INk(p) = Ik(p)/ ∑
j∈(1,n)
I j(p), (2.6)
where n is the number of channels. Substituting (3), (6) is simplified as
INk(p) =
εkE(T,λk)Sm(p,λk)υk
K(p)
, (2.7)
where K(p) = ∑
j∈(1,n)
εkE(T,λ j)Sm(p,λ j)υ j. (7) indicates that the normalized chromaticity
only removes the lightning geometry factor m(p). Log-chromaticity [28] defined as Ilk(p) =
log(Ik(p)/ n
√
∏
j∈(1,n)
I j(p)) transforms a nonlinear deformation into a linear deformation.
However, both the normalized chromaticity and the log-chromaticity cannot be applicable to
uni-channel image, e.g., infra-red image.
Tone mapping algorithms attempt to construct a mapping functionM such thatM {I1(p)}=
I2(α(p)). A classic method for extractingM is a histogram matching [19], which computes
a mapping function that optimally aligns the histogram of I1 with that of I2. Several methods
compute a mapping function M based on the statistical distribution of intensity values
[20, 37]. More sophisticated mapping functions were well reviewed in [21]. Tone mapping
approaches commonly assume that I1 and I2 are entirely aligned into same scene regions.
This assumption is clearly hold only when the images are taken at the same viewpoint under
the same illumination condition, but in other cases the obtained mapping functionM might
be erroneous and inconsistent. Histogram matching, the most common tone mapping scheme,
aligns the histogram of I1 to that of I2 when they are acquired from the same scene at the same
viewpoint, i.e., α(p) = p. However, this assumption is too hard to be applied to practical
environments. In addition, the histogram matching is stable only for global deformations,
and is no longer guarantees for local deformations.
Robust similarity measure attempts to describe a local signature within a patch invariant
to a nonlinear deformation. In some cases, an intensity deformation is nonlinear but still
maintains a monotonicity, i.e., the order of intensity-levels is preserved. Similarity measures
based on such an ordinal value include local binary pattern (LBP) [24], binary robust inde-
pendent elementary features (BRIEF) [25], rank transform (RT) [26], and census transform
(CT) [27]. Although these ordinal information based approaches account for a monotonic
mapping, they fail under a non-monotonic intensity deformation.
A gradient-based similarity measure, such as histogram of gradients (HOG) [15] and
scale invariant feature transform (SIFT) [13] has been considered a photometric invariant
similarity measure. Such a method inherently, however, causes the loss of information
due to the contraction of data weakening their discrimination power and fails under a non-
monotonic mapping. Recently, dense adaptive self-correlation (DASC) descriptor has been
proposed to provide robustness for modality variations, but is also has limitations on non-
linear deformations [38]. Normalized cross correlation (NCC) measures the cosine of an
angle between two vectors, and thus is robust to a linear intensity deformation. To address
the inaccuracy at an object boundary of the NCC, adaptive normalized cross correlation
(ANCC) is proposed in [28]. In [29], a generalized version of NCC is proposed, which is
called matching by tone mapping (MTM). Mahalanobis distance cross-correlation (MDCC)
has also been proposed [39]. Mutual information (MI) [30] is widely used similarity measure
for images with nonlinear deformations. MI measures the statistical dependence between two
vectors v1 and v2 by computing the loss of entropy in v1 given v2. Recently, deep learning
based similarity measure is also actively studied [40–43]
Under a linear deformation written as I2(α(p)) = aI1(p)+a′ where a and a′ are con-
stants, a gradient is deformed with a scaling factor a: ∆I2(α(p)) = a∆I2(p), thus gradient
information can be a robust feature when a> 0. However, when a< 0 the gradient inversion
occurs, which leads the inaccuracy of gradient based similarity measures such as HOG and
SIFT. When the deformation is non-linear, the gradients fail to be preserved across the defor-
mation. In some cases, the intensity deformation is nonlinear but still maintains monotonicity,
i.e., the order of intensity-levels is preserved as ∀p,q if I1(p)≤ I1(q), I2(α(p))≤ I2(α(q)).
An intensity ordinal similarity measure, such as LBP, RT, and CT, provides the robustness un-
der the assumption of the monotonicity, but the assumption is violated in a general non-linear
deformation. The local intensity order is not preserved across non-linear deformation, thus
which leads the inaccuracy of an intensity ordinal similarity measure under the non-linear
deformation.
One of the most important application in computer vision is image recognition. Especially,
scene image recognition is an important problems for applications of computer vision such
as robotics, image search, geo-localization, etc. However, scene recognition is challenging
problem because scenes commonly include both a holistic component and object-based
components. Conventional methods for scene recognition can be categorized into holistic
gist descriptors [44] and local feature based descriptors [45]. Local feature based approaches
were mainly based on bag-of-features (BoF) representation, using local features such as SIFT
or HOG [11, 46, 12], combined through a pooling operator. Sophisticated pooling strategies
such as the vector of locally aggregated descriptors (VLAD) [12] or the Fisher vector (FV)
[47] emerged as the dominant mechanism for scene recognition.
In recent years, convolutional neural networks (CNNs) have become the feature extractors
of choice for scene recognition. The previous success of sophisticated pooling leads many
studies utilizing CNNs as local features. Early methods adopted a BoF-like approaches, based
on the extraction of features from intermediate CNN layers, which were then fed to dictionary
learning methods such as clustering [48] or sparse coding [49] and pooled by VLAD [48]
or Fisher vector [50]. In [50], semantic Fisher vector was proposed, converting features
from probability space to the natural parameter space. In [51], mixture of factor analyzers
Fisher vector was proposed. However, these methods suffer from two drawbacks: 1) the
Fisher vector structure is not easy to integrate in CNN, and 2) they are too high-dimensional.
These drawbacks prevent end-to-end training and thus leads sub-optimal problem. Recently,
VLAD and Fisher vectors are embedded into CNN architecture, by deriving a neural network
implementation of its equations. [52] proposed NetVLAD, an embedded implementation
of VLAD descriptor, and [53] proposed Deep FisherNet, an embedded implementation of
GMM Fisher vector.
CNNs trained with the ImageNet [54] for scene recognition was difficult to yield a better
result than hand-designed features incorporating with sophisticated classifer [47]. This can
be ascribed to the fact that scehe has very distinct characteristics from object classification
data. To overcome this problem, [55, 56] trained a scene-centric CNN by constructing large
scale scene dataset, called Places, resulting a significant performance improvement.
In real-world applications, scene images are frequently taken under very different imaging
conditions, sensor specifications, and weathers. In such a cross-domain setting, common
scene recognition algorithms frequently fail to achieve superior performance. To address the
dataset bias problem, many domain adaptation approaches [57–59] have been proposed to
reduce the mismatch between the data distributions of the training samples and target samples.
In [60], semantic clustering (SC), as domain generalization method1, for fine-grained scene
recognition was proposed.
1Unlike domain adoptation, in domain generalization, the knowledge learnt from one or multiple source
domains in transferred to an unseen target domain.
Chapter 3
Local Area Transform (LAT)
3.1 Definition of LAT
In this paper, we propose to use local area information as a robust index for a nonlinear
intensity deformation. Let I be input image, p be the current pixel, q be a neighboring pixel,
and Np be a set of neighboring pixels. When denoting a set of pixels Ψ whose intensity
value is similar as that of p such that Ψ= {qˆ|I(qˆ)≈ I(p), qˆ ∈Np} where ≈ means that they
have similar values, the local area is defined as the area of Ψ. We define a mapping of an
image from the intensity domain to the local area domain as local area transform (LAT). LAT
is designed to address the matching-problem of a non-linearly deformed image-pair which
might be acquired from different radiometric parameters, different photometric parameters,
and different modalities (including different spectrums). The LAT at a pixel p, A (p), is
computed as follows:
A (p˜) = ∑
q∈Np
τ (I(p),I(q)), (3.1)
where τ(x,y) =
 s(x,y)0 i f s(x,y)< threlse is a logistic function with definition of simi-
larity function s. s is modeled according to the usages and applications. For example, s can
be measured as equality check, similarity in spatial domain, similarity in intensity domain,
or similarity in gradient domain. When s is modeled as equality check function, τ(x,y) is
defined as a logistic function τ(x,y) =
 10 i f x= yelse with property1: τ(kx,ky) = τ(x,y)
where k ∈ N, k ̸= 0 and property2: τ(x1,y1) = 1 and τ(x2,y2) = 1 ⇒ τ(x1x2,y1y2) = 1.
3.2 Properties of LAT
Variety of real world computer vision applications require invariance properties, especially in
uncontrolled environments. This section derives the invariance of LAT to non-linear intensity
deformations, especially radiometric, photometric, and spectral deformations.
3.2.1 Invariance to non-linear intensity deformation
For a registered input image pair I1 and I2, a non-linear intensity deformation between I1
and I2 can be represented as D{I2(p)} = c(I1(p))I1(p) where c(·) is a intensity mapping
operator. Then, A2(p) is written as follows:
A2(p) = ∑
q∈Np
τ(I2(p),I2(q))
= ∑
q∈Np
τ(c(I1(p))I1(p),c(I1(q))I1(q))
= ∑
q∈Np
τ(mI1(p),nI1(q)),
(3.2)
where m and n are constant values varied according to I1(p) and I1(q). For the case of I1(p)=
I1(q) and consequently m = n, with property1 of the function τ , τ(mI1(p),nI1(q)) =
τ(I1(p),I1(q)). For the case of I1(p) ̸= I1(q) and consequently m ̸= n, under the assumption
that the deformation function D is an one-to-one mapping, τ(mI1(p),nI1(q)) is also equal
to τ(I1(p),I1(q)). From these equalities, A2(p) = ∑
q∈Np
τ(I1(p),I1(q)) = A1(p). In other
words, LAT is invariant to non-linear intensity deformations.
Fig. 3.1 The original test color images used for robustness evaluation and simulated feature
matching
3.2.2 Invariance to radiometric & photometric deformations
Substituting (3) into (8), A (p) is rewritten as follows:
A (p) = ∑
q∈Np
τ (εE(T,λ )m(p)S(p,λ )v ,εE(T,λ )m(q)S(q,λ )v). (3.3)
Under the assumption of local-constancy of E(T,λ ) and the fact that ε and v are constant
values, (10) is simplified with property1 of the function τ as:
A (p) = ∑
q∈Np
τ (m(p)S(p,λ ),m(q)S(q,λ )). (3.4)
(11) indicates that LAT is independent of the illumination spectral distribution E(T,λ )
and the exposure time ε , i.e., it is invariant to illumination and exposure deformations
(corresponding to radiometric and photometric deformations, respectively).
3.2.3 Invariance to spectral deformation
When we let A λi(p) be a LATransformed value of an image captured by ith-sensor with λi
(e.g., visible spectrum) and A λ j(p) be a LATransformed value of an image captured jth-
sensor with λ j (e.g., infra-red spectrum), we show thatA λi(p) =A λ j(p), i.e., the invariance
of LAT to a spectral deformation as follows. From (11) A λi(p) and A λ j(p) are written as
(12) and (13), respectively.
A λi(p) = ∑
q∈Np
τ (m(p)S(p,λi),m(q)S(q,λi)). (3.5)
A λ j(p) = ∑
q∈Np
τ
(
m(p)S(p,λ j),m(q)S(q,λ j)
)
. (3.6)
We assume that pixels having same spectral reflectance values for a specific wavelength
have same spectral reflectance values for another wavelength, i.e., ∀p ̸= q if S(p,λi) =
S(q,λi), S(p,λ j) = S(q,λ j). Under this assumption and the property2 of the function τ ,
τ (m(p)S(p,λi),m(q)S(q,λi))= τ
(
m(p)S(p,λ j),m(q)S(q,λ j)
)
when m(p)=m(q). For the
case of m(p) ̸=m(q), τ (m(p)S(p,λ ),m(q)S(q,λ )) is commonly 0 except for ∀m(p) ̸=m(q)
and S(p,λ ) ̸= S(q,λ ),m(p)S(p,λ ) = m(q)S(q,λ ). Note that this exceptional case is out-of
consideration since it hardly occurs. Accordingly, A λi(p) = A λ j(p) for any wavelength
pair λi and λ j, i.e., a LAT value is invariant to a spectral deformation.
3.2.4 Limitation
In the above, we show the invariance of LAT to non-linear intensity deformations. However,
when the deformation function D is not a one-to-one mapping, there is possibly a duplicated
mapping, i.e., ∀I1(p) ̸= I1(p) and consequently m ̸= n, mI1(p) = nI1(p) in (9). For such a
mapping, A1(p) ̸=A2(p). In other words, the LAT is not invariant to a duplicated intensity
deformation. Nevertheless, LAT is still a robust transform to non-linear deformations since
non-duplicated deformation assumption is commonly insured.
Algorithm 3.1 Pseudo code for LAT
Algorithm 1: Local Area Transform
Input: input image I
Internal: Integral histogram HI,
Local histogram Hp at pixel point p = (x,y),
the corresponding intensity bin b of p, half-window size l
Output: Local area transformed image A
/* integral histogram computation */
for each pixel (x,y) do
H′(x,y)←H′(x,y−1)+ I(x,y)
end
for each pixel (x,y) do
HI(x,y)←HI(x−1,y)+H′(x,y)
end
/* local histogram computation */
for each pixel (x,y) do
Hp(x,y)←HI(x+ l,y+ l)+HI(x− l,y− l)
−HI(x− l,y+ l)−HI(x+ l,y− l)
end
/* local area computation */
for each pixel (x,y) do
A (x,y)← ∑
b∈neighborbins
ω(b)×Hp(x,y,b)
end
3.3 Implementation of LAT and Extension
The LAT is efficiently computed from a local histogram as A (p) = Hp(I(p)). H is a
B-dimensional vector defined as:
Hp(b) = ∑
q∈Np
Q(I(q),b), b ∈ (1 , B), (3.7)
where Hp(b) represents the histogram value corresponding to a bin b, B is the number
of bins, and Q(I(q),b) is zero except when intensity value I(q) belongs to to bin b. The
Fig. 3.2 Nonlinear intensity deformation robustness of LAT. For each sub-figure, top rows
are input images and bottom rows are LATransformed images. From left to right, figures
are deformed with piecewise linear (PL), piecewise quadratic (PQ), random mapping with
Gaussian distribution (RG), and random mapping with uniform distribution (RU).
computational complexity of the brute-force implementation of the local histograms is linear
in the neighboring size. This dependency can be removed using integral histogram [61] in a
way similar to integral image, which reduces the computational complexity from O(
∣∣Np∣∣B)
to O(B) at each pixel location.
For practical usefulness and noise robustness, we employ Gaussian integrated similarity
function in intensity domain s instead of the naive definition (with equality check similarity
function) A (p) = Hp(I(p)) for computing the local area value. Specifically, the local area
value is computed by a weighed integration of adjacent bins as (3.8).
A (p) = Kh ∑
b∈(Rk ,Rl)
ω(b)Hp(b), (3.8)
ω(b) = e−
|b−I(p)|2
σ2 , (3.9)
where Kh = 1/ ∑
b∈(Rk ,Rl)
ω(b) is a normalization factor, ω(b) is Gaussian similarity weights
of adjacent bins, Rk = I(p)− r , and Rl = I(p)+ r . Parameters r and σ control the interval
of integration and the degree of Gaussian smoothing of histogram, respectively. Pseudo code
is given in Algorithm 3.1. First, integral Histogram HI is computed through the image, and
Table 3.1 Similarity comparison results in terms of mean absolute difference (dmad) and
different pixel ratio (ddpr) for all piecewise linear mapping (PL), piecewise quadratic mapping
(PQ), random mapping with Gaussian distribution (RG), and random mapping with uniform
distribution (RU) image pairs.
Deform ORG GW [22] HM [19] LC [28] RT [26] LAT
dmad 0.33 0.13 0.32 0.12 0.20 0.02
ddpr 0.79 0.53 0.78 0.46 0.53 0.04
then local histogram Hp at pixel p is computed. Lastly, Local area value is computed with
Gaussian similarity weights ω(b). For multiple channel of sensors, e.g., RGB sensor, local
area values are computed for each channel, respectively.
3.4 Robustness Evaluation of LAT
A non-linear intensity deformation is commonly induced by different modality of imaging
system. In order to evaluate the robustness of LAT to non-linear intensity deformation, a
challenging simulated database is constructed. Eight color images (Airplane, Baboon, Bikes,
Lena, Mustang, PaintedFace, Peppers, TwoMacaws, shown in Fig. 3.1) were employed
as original images. Each image is deformed using 40 intensity deformation functions
constructed by four categories of random probability distribution: piecewise linear mapping
(PL), piecewise quadratic mapping (PQ), random mapping with Gaussian distribution (RG),
and random mapping with uniform distribution (RU). For each R, G, B channel different
deformation functions were applied. In total, 320 non-linear deformed pairs of color images
were generated.
The robustness of LAT was evaluated with comparisons to four methods: grey-world
model (GW) [22], histogram matching (HM) [19], log-chromaticity (LC) [28], and rank
transform (RT) [26]. As a base, the original image pair before transform (ORG) was also
compared.
ORG
GW
HM
LC
RT
LAT
Fig. 3.3 The robustness comparison for nonlinear intensity deformations for Mustang. For
each sub-figure, from left to right, figures are non-deformed image, deformed images by
piecewise-linear mapping, deformed images by piecewise-quadratic mapping, deformed
images by random mapping with Gaussian distribution, deformed images by random mapping
with uniform distribution. From top to bottom, original images (ORG), transformed images
with grey-world (GW), histogram matching (HM), log-chromaticity (LC), rank transform
(RT), and local area transform (LAT, ours). The figures are best viewed in color.
Table 3.2 Similarity comparison results in terms of mean absolute difference (dmad) and
different pixel ratio (ddpr) for non-linear deformation as varying the parameters in LAT. In
each experiment, all other parameters are fixed as initial values in Section 4.1.
window size l interval of integ. r deg. of Gaussian σ
7 11 15 1 3 5 0.1 0.3 0.5
dmad 0.11 0.02 0.06 0.03 0.02 0.04 0.03 0.02 0.06
ddpr 0.13 0.04 0.08 0.06 0.04 0.05 0.07 0.04 0.08
The similarity between a registered image pair is measured by the mean absolute dif-
ference dmad and different pixel ratio ddpr. dmad and ddpr are defined as (21) and (22),
respectively.
dmad = K1∑
p
|I¯1(p)− I¯2(p)|, (3.10)
where I¯1 is a transformed version of the original image, I¯2 is a transformed version of the
deformed image, K1 = 1/(NL) is a normalization factor, N is the number of pixels, L is the
maximum value of the label.
ddpr = K2∑
p
(|I¯1(p)− I¯2(p)| > t), (3.11)
where K2 = 1/N is a normalization factor, t = 0.1L is threshold value.
The qualitative evaluations for LAT are summarized in Table 3.1 and Table 3.2, showing
that LAT is superior to the other methods in terms of both dmad and ddpr. It should be noted
that lower dmad and ddpr are, the more similar sample image pairs are. In the results, the
total 10 image pairs are used for an average, and sample images are represented in Fig. 3.2 -
Fig. 3.5. More specifically an input image is non-linearly transformed with different trans-
formations, and the reconstruction results are represented as varying image transformation
methods, including the state of-the-art method and proposed LAT. The LAT transformed
non-linearly deformed images into a common domain, where the discrepancy between non-
linear deformations are highly reduced. For most image pairs, the LATransformed images
are very similar to each other; in other words, LAT shows higher robustness for randomly
intensity-deformed image pairs.
Especially, Table 3.2 intensively analyzed the performance of the LAT as varying associ-
ated parameters, including support window size l, the interval of integration r, and degree
of Gaussian smoothing σ . The performance of LAT was the highest when the parameter l
was 11. Note that other parameters r and σ in LAT, which control the interval of integration
and degree of Gaussian smoothing of the histogram, were not seriously effecting on the
performances, thus they were set as r = 3 and σ = 0.3 for considering the trade-off between
efficiency and robustness.
ORG
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Fig. 3.4 The robustness comparison for nonlinear intensity deformations for Airplane. For
each sub-figure, from left to right, figures are non-deformed image, deformed images by
piecewise-linear mapping, deformed images by piecewise-quadratic mapping, deformed
images by random mapping with Gaussian distribution, deformed images by random mapping
with uniform distribution. From top to bottom, original images (ORG), transformed images
with grey-world (GW), histogram matching (HM), log-chromaticity (LC), rank transform
(RT), and local area transform (LAT, ours). The figures are best viewed in color.
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Fig. 3.5 The robustness comparison for nonlinear intensity deformations for Pepper. For
each sub-figure, from left to right, figures are non-deformed image, deformed images by
piecewise-linear mapping, deformed images by piecewise-quadratic mapping, deformed
images by random mapping with Gaussian distribution, deformed images by random mapping
with uniform distribution. From top to bottom, original images (ORG), transformed images
with grey-world (GW), histogram matching (HM), log-chromaticity (LC), rank transform
(RT), and local area transform (LAT, ours). The figures are best viewed in color.
3.5 LAT Reformulated Features: Cross-Modality Feature
Descriptors
Besides the use as a transformation, the concept of Local Area Transform can be used to
reformulate conventional cost functions and descriptors. If we replace an ‘intensity value’ by
a ‘local area value’, it endows cost functions and descriptors with robustness to a modality
deformation with maintaining inherent properties of them. For example, the most widely
used cost function, a mean absolute difference (mad), can be reformulated as follows:
mad(p,q) = ∑
(x,y)∈N
∣∣Ip(x,y)− Iq(x,y)∣∣ (3.12)
madLAT (p,q) = ∑
(x,y)∈N
∣∣Ap(x,y)−Aq(x,y)∣∣ (3.13)
where mad(p,q) and madLAT (p,q) are original and the reformulated mad between pixel
points p and q. N is the neighbor pixels around p or q.
Similarly, the original local self-similarity descriptor (LSS) [62] can be reformulated by
measuring sum of squared local area difference instead of sum of squared intensity difference
as follows:
S(p,q) = exp(
ssdpq(x,y)
varauto
) (3.14)
ssdpq(x,y) = ∑
(x,y)
{Ip(x,y)− Iq(x,y)}2 (3.15)
SLAT (p,q) = exp(
sadpq(x,y)
varauto
) (3.16)
sadpq(x,y) = ∑
(x,y)
{Ap(x,y)−Aq(x,y)}2 (3.17)
where S(p,q) and SLAT (p,q) are the original and the reformulated correlation surface func-
tions in LSS (please refer [62] for full description of LSS). varauto is a constant for stability.
SIFT also can be reformulated by using gradients of local area value (3.19) instead of
gradients of intensity value (3.18).
∇I(x,y) =
[
∂ I
∂x
∂ I
∂y
]
(3.18)
∇A (x,y) =
[
∂A
∂x
∂A
∂y
]
(3.19)
Binary pattern based robust descriptors, e.g., CT [63], RT [26], BRIEF [25], and BRISK
[63], are formulated with following local binary pattern (LBP) equation.
LBP(p) =
Q−1
∑
q=0
Λ(Iq− Ip)2q Λ(x) =
 1,0, x≥ 0otherwise (3.20)
where LBP(p) is LBP at pixel p. q(= 0,1, ...,Q−1) is the index of neighboring pixels of p.
(3.20) can be reformulated to LBPLAT (p) with local area value instead of intensity value as
follows:
LBPLAT (p) =
Q−1
∑
q=0
Λ(Aq−Ap)2q Λ(x) =
 1,0, x≥ 0otherwise (3.21)
With the reformulated LBP, robust descriptors: CT [63], RT [26], BRIEF [25], and BRISK
[63] can be reformulated with LAT. We use the subscription LAT as the meaning of the
reformation with LAT in the remaining parts of this paper. Note that any cost functions or
features computed from intensity values can be reformulated with LAT.
3.6 LAT-Net: Deep Scene Recognition Network
Scene recognition is one of the fundamental task in various applications of computer vi-
sion such as robotics, image search, geo-localization, etc. However, scene recognition is
challenging problem since scenes contain variety of components from objects to scene-like
features. Furthermore, in practical applications, scene images are frequently taken under
cross-domain settings, such as different imaging conditions, sensor specifications, and even
weathers. Conventional scene recognition algorithms failed to achieve reliable results. To
address this problem, domain adaptation [58, 59] or domain generalization [60] approaches
have bee proposed. This section proposes to embed LAT concept into deep convolutional
neural network (CNNs) in order to tackle cross-domain scene recognition problem.
The conventional convolutional (Conv) layer in common CNNs is defined as:
xl = ∑
i∈K
ω li x
l−1
i+bl (3.22)
where xl and xl−1 are feature maps of current lth and l−1th layers, respectively. ω li and bl
are weights and bias terms. K is convolutional kernel. With the concept of LAT, reformulated
convolutional (A-Conv) layer is defined as follows:
A l = ∑
i∈K
ω liA
l−1
i+bl (3.23)
where A l and A l−1 are LAT-reformulated feature maps of current lth and l− 1th layers,
respectively. A l−1 could be replaced by the output feature maps of regular layers in a CNN
Fig. 3.6 Aception block: inception-like stem block composing of concatenated 1x1 Conv,
3x3 Conv, and 3x3 A-Conv layers.
Fig. 3.7 The structure of LAT-AlexNet: Each A-Conv and Conv layers are followed by
leaky-ReLu layers and Aception block composing of concatenated 1x1 Conv, 3x3 Conv, and
3x3 A-Conv layers.
such as Conv layer or a pooling layer. It could be also be a previous A-Conv layer, and thus
can be stacked together to form a highly nonlinear transformation operator.
Given the impressive performance on the ImageNet benchmark [64, 65], three popular
CNN architectures AlexNet [64], VGG-16 [66], ResNet-34 [67] are employed as basis
networks. In order to apply non-linear feature transformation into networks, the former Conv
layers are replaced as A-Conv layers in the proposed network structures: two Conv layers,
four conv layers, six conv layers for AlexNet, VGGNet-16, ResNet-34, respectively. In
addition, inception-like stem block, named as Aception block (Fig. 3.6) is placed at the top
of each networks. The re-designed CNNs are named as LAT-CNN, i.e., LAT-AlexNet, LAT-
VGGNet, and LAT-ResNet, respectively. The structures of re-designed networks are depicted
in Figs. 3.7, 3.8, and 3.9, respectively. All the CNNs presented here were implemented and
trained using Caffe package [68] on Nvidia GPUs Tesla P40.
Fig. 3.8 The structure of LAT-VGGNet: Each A-Conv and Conv layers are followed by
leaky-ReLu layers and Aception block composing of concatenated 1x1 Conv, 3x3 Conv, and
3x3 A-Conv layers.
Fig. 3.9 The structure of LAT-ResNet: Each A-Conv and Conv layers are followed by leaky-
ReLu layers and Aception block composing of concatenated 1x1 Conv, 3x3 Conv, and 3x3
A-Conv layers.
Chapter 4
Cross-Modality Correspondence
Matching and Deep Scene Recognition
4.1 Experimental Settings
In experiments, the LAT was implemented with the following parameter settings for all
datasets: i, l, σ=11, 3, 0.3. LAT was implemented in C++ on Intel Core i7-3770 CPU at 3.40
GHz. In experiments, the performances of LAT were evaluated for the tasks of nonlinearly-
deformed image matching in Section 4.2, cross-spectral correspondence matching in Section
4.3, cross-radiometry stereo matching in Section 4.4, and cross-modal dense flow estimation
in Section 4.5. For color images, LAT is computed for each channel, and then those values
are used for minimum distance/cost selection. LAT was implemented as C++ layer in deep
learning library Caffe [68] for deep scene recognition in Section 4.6.
4.2 Cross-Modality Correspondence Matching
4.2.1 Non-linear Deformation Correspondence Matching
The performance of reformulated feature descriptors with LAT is evaluated in terms of the
feature recognition rate. The feature recognition rate is defined as the ratio of corrected
PL PQ
RG RU
Fig. 4.1 Feature matching on simulated database. For each subfigure, upper is a results of
SIFT and below is that of SIFTLAT . PL: image pairs from piecewise-linear mapping, PQ:
image pairs from piecewise-quadratic mapping, RG: image pairs from random mapping with
Gaussian distribution, and RU: image pairs from random mapping with uniform distribution.
matching to the total keypoints similar in [25]. The keypoints were detected using SIFT
detector. SIFT[13], BRIEF[25], and LSS[62] were selected as compared feature descriptors
since they are the most successful feature descriptors respectively based on gradient, binary
pattern, and self-similarity. They are reformulated with LAT to SIFTLAT , BRIEFLAT , and
LSSLAT , respectively. For the evaluation, a simulated database described in Section 3.4 were
used.
Fig. 4.1 shows an example of comparison on a simulated image pair. In the results,
the correspondence estimations with conventional SIFT descriptor are represented on the
upper part, while that with proposed SIFT descriptor on LAT are represented on the below
Fig. 4.2 Recognition rate for simulated database. PL: image pairs from piecewise-linear
mapping, PQ: image pairs from piecewise-quadratic mapping, RG: image pairs from random
mapping with Gaussian distribution, and RU: image pairs from random mapping with uniform
distribution.
part. For establishing correspondence, same fixed parameters are used (e.g., same threshold
for matching). In other words, the number of correspondence depends on the robustness
of the descriptors. In these results, the LAT-based SIFT descriptor provides consistently
outperformed correspondences compared to original one. Fig. 4.2 summarizes the overall
results representing that the reformulated descriptors remarkably outperforms the original
descriptors. Especially, reformulated descriptors shows extremely high recognition rate
even for image pairs generated with random mapping function (RG, RU). The results give
an insight that the nonlinear intensity deformation problem generally induced by different
imaging modalities can be addressed by reformulating the conventional descriptors with LAT.
In the remaining parts of this section, we show the superiority and applicability of LAT for
several multi-modality applications.
4.2.2 Cross-Spectral Correspondence Matching
In this section, we show that LAT is superior in terms of detecting the sought template in
different spectral images, i.e., cross-spectral template matching. The cross-spectral template
matching was applied on 100 RGB-NIR image pairs randomly selected from RGB-NIR
Scene Dataset [17]. For each input NIR image, a template of a give size was selected at
100 random locations. In total, 10,000 (RGB) image-(NIR) template pairs were used in this
experiment. To avoid a homogeneous template, the locations of the template were selected
from among the structured regions of the image (i.e., locations where the features response
of BRISK [63] is above a threshold). Given an RGB image and a NIR-template, matching
distances1 were computed for all possible locations in the corresponding RGB image, and
the region associated with the minimal distance was considered the matched region. Four
different methods, HM [19], LC [28], RT [26], and MTM [29] were employed as compared
methods and the original images were also compared as a base method. Euclidean distance
is employed for ORG, HM, and LC and sum of different rank is employed for RT.
In Fig. 4.3, 4.4, 4.5, in order to evaluate the performance of the LAT, the template match-
ing performances across cross-spectral images are measured compared to the state-of-the-art
methods. We show examples of similarity maps (for better visualization, a similarity map,
which is the inverse of distance map, is illustrated instead of distance map where higher value
(red) means similar region and lower vale (blue) means dissimilar region). The template
matching in the LATransformed images clearly shows a sharp peak at the correct location,
while it is not well localized in other methods. Table 4.1 summarizes the average correct
detection ratio rcd and matching pixel error emp. rcd measures the percentage of correct
detection (if matched and true windows are overlapped with >70%, the match is considered
a correct detection), and emp measures the absolute difference between matched and true
windows. As shown in Table 4.2, quantitative evaluation of LAT are represented as an
average for 10,000 RGB-NIR template pairs LAT provides robust results in cross-spectral
template matching in terms of both rcd and emp; in this study, rcd showed improvement of
1The minimum distance among NIR/R-channel, NIR/G-channel, NIR/B-channel distances is set to the
distance of the location.
23%, and emp showed a reduction of 113 pixels.
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Fig. 4.4 Qualitative results of cross-spectral template matching for Lobby. From left to right
transformed NIR image, transformed RGB image, and similarity maps are given. ORG:
original NIR and RGB image, HM [19], LC [28], RT [26], MTM [29] are compared with
LAT (ours). White and black rectangular boxes are a sought template and selected window.
The figures are best viewed in color.
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Fig. 4.5 Qualitative results of cross-spectral template matching for Buildings. From left to
right transformed NIR image, transformed RGB image, and similarity maps are given. ORG:
original NIR and RGB image, HM [19], LC [28], RT [26], MTM [29] are compared with
LAT (ours). White and black rectangular boxes are a sought template and selected window.
The figures are best viewed in color.
Table 4.1 Cross-spectral template matching results for RGB-NIR Scene Dataset [17] in terms
of correct detection ratio (rcd) and matching pixel error (emp).
Size ORG HM LC RT MTM LAT
rcd 0.32 0.49 0.29 0.60 0.63 0.70
emp 318 218 359 208 158 139
The performance of reformulated feature descriptors for cross spectral feature matching
is evaluated in this subsection. 100 RGB-NIR image pairs same as previous section were
employed for this evaluation. The feature recognition rate is measured for the evaluation
and keypoints were detected using SIFT detector. SIFT[13], BRIEF[25], and LSS[62] were
selected as compared feature descriptors.
Fig. 4.6 shows an example for comparison of LSS and LSSLAT . Specifically, in the results,
the performance of cross-spectral feature matching are represented with conventional LSS
descriptor and LAT-based LSS descriptor, respectively. Note that all the parameters are pre-
served in all experiments. Since this dataset are structually aligned, reliable correspondence
should be also aligned. As shown in the results, LAT-based LSS consistently outperformed
the original LSS. Table 4.2 summarizes the recognition rate, showing that the reformulated
descriptors show superior performance to the original descriptors. The results show that
reformulation with LAT provides promising results for cross spectral feature matching, with
an improvement of 10% recognition rate.
4.2.3 Cross-Radiometry Stereo Matching
This section provides the superiority of LAT in the task of robust stereo matching in radio-
metric and photometric deformed stereo images. Stereo matching is commonly formulated
as minimization problem of the energy in the MAP-MRF framework [28] as:
E( f ) =∑
p
Dp( fp)+∑
p
∑
q∈Np
Vpq( fp, fq), (4.1)
Fig. 4.6 An example of cross spectral feature matching. Top: LSS and Bottom: LSSLAT
whereNp is the neighboring pixels of p, f is a disparity. In the first term, Dp( fp) is the data
cost which measures the dissimilarity between p in the left image and p+ fp in the right
image. In the second term, Vpq( fp, fq) is the smoothness cost which penalties non-smooth
disparities.
Table 4.2 Cross-spectral feature matching results for RGB-NIR Scene Dataset [17] in terms
of recognition rate.
Recognition rate
Original SIFT [13] BRIEF [25] LSS [62]
0.72 0.68 0.65
LAT SIFTLAT BRIEFLAT LSSLAT
0.85 0.78 0.73
In this experiment, we fixed all of the parameters, cost function, aggregation method,
optimization method except for the transformation methods. The absolute difference (AD)
for a pixelwise data cost, the adaptive support weight [69] with a size of 25× 25 for the
cost aggregation, a truncated quadratic cost for a smoothness cost, and the loopy belief
propagation for the global optimization were employed. Although postprocessing like a
occlusion-handling and a noise removal can improve the quality of estimated disparities,
we did not employ such a postprocessing to more focus on the influence of transform. For
the evaluation and comparison of the performance of LAT with others, middlebury stereo
data sets [70] including Aloe, Baby1, Baby3, Bowling2, Cloth2, Cloth3, Lampshade1,
and Monopoly were used. There are three different illumination sources (1,2,3) and three
different exposures (indexed as 0,1,2), totally nine different image pairs in each data set.
In this experiment, the left image is fixed to illumination source 1 and exposure 1, while
the right image is varied in both an illumination and an exposure. In other words, the nine
combinations of stereo pairs were used for the evaluation.
Four different methods, HM [19], LC [28], RT [26], and CT [27] were employed as
compared methods and the original images were also compared as a base method. The
qualitative and quantitative comparisons are given in Fig. 4.7 and Table 4.3, respectively. As
shown in Table 4.3, the LAT is superior to the other methods in most data sets in terms of bad
pixel percentages (BPP) and root mean squared errors (RMSE). Results presented in Fig. 4.8
and 4.9 show that the qualitative performance of LAT also outperforms the other methods.
Table 4.3 Stereo matching results for illumination and exposure deformed stereo image pairs
in terms of bad pixel percentage (BPP) and root mean squared errors (RMSE).
ORG HM LC RT CT LAT
BPP 0.86 0.55 0.68 0.53 0.50 0.47
RMSE 80.2 51.6 58.8 56.1 49.8 45.8
Fig. 4.7 Stereo matching results with a cost function size of 25 for Baby1 stereo pair with
Left(1/1) and right(3/1). For each sub-figure, from left-top to right-bottom, figures are left
image, ground truth disparity map, disparity map estimated with ORG, HM [19], LC [28],
RT [26], CT [27], and LAT, respectively.
4.2.4 Cross-Modality Dense Correspondence Matching
Estimating visual dense flow from different images but sharing similar scene characteristics
is very challenging problem but promising function for a high-level computer vision task [71].
Especially, cross modality dense flow estimation is more challenging due to their disparate
properties [72]. This section analyzes the performance of SIFT-FlowLAT with a comparison
to state-of-the-art methods: SIFT-Flow [71], and DAISY [73]2. For this purpose, multimodal
image database [72] is employed including RGB-NIR, different exposure, and flash-nonflash
image pairs.
Fig. 4.10 shows an qualitative comparison of cross modality dense flow estimated by
SIFT-Flow, DAISY, and SIFT-FlowLAT . As shown in the figure, compared to the state-of-the-
arts methods SIFT-FlowLAT provides a reliable dense flow. Table 4.4 summarizes quantitative
comparisons in terms of warping error. The warping error is computed from ground truth
displacement for 100 corner points provided in [72]. The results indicate that SIFT-FlowLAT
can be a promising approach for cross modality dense flow estimation.
2Since RSNCC [72] is based on a global matching approach, it is not compared here for fair comparison.
SIFT-Flow and DAISY are both based on a local matching approach
Table 4.4 Cross modal dense flow estimation results for multimodal database [72] in terms of
warping error.
Algorithm RGB-NIR Flash-Nonflash Diff. Exp. All
SIFT-Flow[71] 10.11 8.76 10.03 9.78
Variational [74] 12.03 15.19 16.57 14.56
DAISY [73] 20.42 10.84 12.71 16.16
SIFT-FlowLAT 6.83 8.83 7.54 7.51
To address the correspondence-matching problem for different modalities of images,
deformation-robust local area transform is proposed. LAT is a nonlinear deformation-
invariant transformation of the intensity information into local area information. The ex-
perimental results show that LAT and descriptors reformulated by LAT are superior to the
conventional methods for matching the correspondence in the context of cross-modality
correspondence matching. Specifically, LAT gains approximately a 23% improvement in
correct detection ratio and a 10% recognition rate increase for the tasks of cross-spectral
template matching and feature matching, respectively. LAT also increases the performance
of cross-radiation stereo matching and crossmodality dense flow estimation with a 15%
reduction in bad pixel percentage and a 50% reduction in the warping error, respectively. In
conclusion, the local area can be considered as an alternative domain to the intensity domain
to achieve robust correspondence matching. Future works should include the development of
a cross-modal object recognition based on the properties of LAT
4.3 Cross-Modality Deep Scene Recognition
4.3.1 Cross Spectral Scene Recognition
In order to study the performance of LAT-Net for cross-spectral scene recognition, we have
constructed cross spectral scene database. This database consists of 477 images distributed in
9 categories: Country (52), Field (51), Forest (53), Mountain (55), Old Buildings (51), Street
(50), Urban (58), Water (51), where each image is RGB or NIR randomly selected from
original RGB-NIR images pairs [17]. Randomly selected 99 images were used for testing
(11 per category) and remaining 378 images were used for training. To avoid over-fitting,
training images were augmented with resizing (resize ratio is randomly varied from 0.5 - 1.5
with center shift ranged -0.1 - 1.0), rotating (rotating degree is randomly varied from -70
ORG
GW
HM
LC
RT
LAT
Fig. 4.8 Qualitative results of robust stereo matching for Cloth2. Transformed images and
disparity map are given. For each sub-figure, from left to right, figures are left image, right
image, disparity map estimated with ORG, HM [19], LC [28], RT [26], CT [27], and LAT,
respectively.The figures are best viewed in color.
ORG
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HM
LC
RT
LAT
Fig. 4.9 Qualitative results of robust stereo matching for Aloe. Transformed images and
disparity map are given. For each sub-figure, from left to right, figures are left image, right
image, disparity map estimated with ORG, HM [19], LC [28], RT [26], CT [27], and LAT,
respectively.The figures are best viewed in color.
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- +70 degrees), color-shifted, and flipped. In total, 3,024 training images were employed for
training. We trained all networks with the ADAM optimizer [75], learning rate η=0.001, and
batch size b=16 for 40 epochs. All networks are pre-trained with places2 database [56] for 10
epochs. The places2 is extended version of places dataset [55] and probably the largest scene
recognition dataset. In total, the Places2 contains more than 10 million images comprising
more than 400 unique scene categories. The dataset includes 5,000 to 30,000 training images
per class.
We performed a comparison to state-of-the-art scene recognition methods from hand-
crafted methods: GIST [44], DiscrimPatches [76], ObjectBank [46] to deep learned feature
based methods: fc7-VLAD [48], NetVLAD [52], MFAFVNet [51]. Table 4.5 presents
quantitative comparisons of cross spectral scene recognition in terms of top-1 accuracy. As
shown in results, LAT redesigned networks provides highest accuracy even with simple
network structure AlexNet [64]. LAT-ResNet improved the recognition accuracy by 14.8% as
compared to the state-of-the-arts methods. The results indicate that LAT-redesigned networks
is a promising approach for cross spectral scene recognition.
4.3.2 Domain Generalized Scene Recognition
Domain generalization transfers the knowledge learnt from other source domain to an unseen
target domain. In order to study the performance of LAT-Net for domain generalized scene
recognition, we have conducted the following experiments. All networks are trained on
places2 [55] with the ADAM optimizer [75], learning rate η=0.001, and batch size b=16 for
20 epochs. Then, the recognition accuracy is measure on unseen RGB-NIR scene databases.
For evaluation, we have constructed three scene databases: RGB, NIR, RGB-NIR combined,
which are generated from [17]. We divide [17] into two separate databases consisting of RGB
or NIR, respectively. RGB-NIR combined scene database is same as database employed in
Section 4.6.2. Unlike Section 4.6.2, all 477 images are employed as testing images since they
are not used for training.
We performed a comparison to state-of-the-art scene recognition methods fc7-VLAD
[48], NetVLAD [52], MFAFVNet [51], and SemanticCluster [60]. Table 4.6 and 4.7 present
Table 4.5 Cross Spectral Scene Recognition in terms of recognition top-1 accuracy. 1 hand-
crafted feature based methods, 2 deep feature based methods, 3 holistic deep network based
methods
Method Accuracy (%)
1GIST [44] 31.2
11DiscrimPatches [76] 34.2
11ObjectBank [46] 41.3
2fc7-VLAD [48] 49.4
2NetVLAD [52] 53.4
2MFAFVNet [51] 56.5
3AlexNet [64] 45.4
3VGGNet [66] 51.4
3ResNet [67] 54.4
3LAT-AlexNet (Ours) 57.5
3LAT-VGGNet (Ours) 65.5
3LAT-ResNet (Ours) 69.6
quantitative comparisons of domain generalized scene recognition for RGB and NIR scene
databases, respectively, in terms of top-1 accuracy. As shown in results, LAT redesigned
networks provides highest accuracy. LAT-ResNet improved the recognition accuracy by
15.9% and 10.9% as compared to the state-of-the-arts methods for RGB and NIR scene
databases, respectively. The results indicate that LAT-redesigned networks is a promising
approach for domain generalized scene recognition.
Table 4.6 Domain Generalized Scene Recognition in terms of recognition top-1 accuracy:
Training on places2 testing on RGB-scene. 2 deep feature based methods, 3 holistic deep
network based methods
Method Accuracy (%)
2fc7-VLAD [48] 54.3
2NetVLAD [52] 58.7
2MFAFVNet [51] 59.8
3SemanticCluster [60] 66.3
3AlexNet [64] 46.2
3VGGNet [66] 48.3
3ResNet [67] 51.6
3LAT-AlexNet (Ours) 58.5
3LAT-VGGNet (Ours) 65.4
3LAT-ResNet (Ours) 71.2
Table 4.7 Domain Generalized Scene Recognition in terms of recognition top-1 accuracy:
Training on places2 testing on NIR-scene. 2 deep feature based methods, 3 holistic deep
network based methods
Method Accuracy (%)
2fc7-VLAD [48] 43.2
2NetVLAD [52] 46.8
2MFAFVNet [51] 49.4
3SemanticCluster [60] 54.7
3AlexNet [64] 36.1
3VGGNet [66] 39.5
3ResNet [67] 41.6
3LAT-AlexNet (Ours) 51.9
3LAT-VGGNet (Ours) 56.5
3LAT-ResNet (Ours) 61.3
Chapter 5
Conclusion
This dissertation proposes deformation-robust image transform, called local area transform
(LAT), and mathematically and experimentally prove its invariance properties to nonlinear
deformations. LAT is also extended into robust cost functions, feature descriptors, and deep
scene recognition networks.
The experimental results have shown that LAT and descriptors reformulated by LAT
were superior to the conventional methods for matching the correspondence in the context
of cross-modality correspondence matching. Specifically, LAT gains approximately a 23%
improvement in correct detection ratio and a 10% recognition rate increase for the tasks of
cross-spectral template matching and feature matching, respectively. LAT also increases the
performance of cross-radiation stereo matching and cross-modality dense flow estimation
with a 15% reduction in bad pixel percentage and a 50% reduction in the warping error,
respectively. Furthermore, the proposed LAT-Net outperforms existing state-of-the-arts
methods in tasks of scene recognition. Specifically, LAT-Net gains up to 14% accuracy
improvement in cross spectral scene recognition task. Also, LAT-Net achieves 6% and 7%
accuracy improvements for database invariant scene recognition and domain generalized
scene recognitions, respectively.
In conclusion, the local area can be considered as an alternative domain to the intensity
domain to achieve robust correspondence matching and lots of applications: such as feature
matching, stereo matching, dense correspondence matching, and image recognition. we
believe the concept of LAT can be extended various potential tasks. Future works include
the development of a cross-modal image retrieval and people re-identification based on the
properties of local area transformation.
References
[1] Antoni Buades, Bartomeu Coll, and J-M Morel. A non-local algorithm for image
denoising. In CVPR, 2005.
[2] Dinh Hoan Trinh, Marie Luong, Francoise Dibos, Jean-Marie Rocchisani, Canh Duong
Pham, and Truong Q Nguyen. Novel example-based method for super-resolution and
denoising of medical images. IEEE Trans. Image Processing, 23(4):1882–1895, 2014.
[3] Connelly Barnes, Eli Shechtman, Adam Finkelstein, and Dan Goldman. Patchmatch:
a randomized correspondence algorithm for structural image editing. ACM TOG,
28(3):24, 2009.
[4] Aurélie Bugeau, Vinh-Thong Ta, and Nicolas Papadakis. Variational exemplar-based
image colorization. IEEE Transactions on Image Processing, 23(1):298–307, 2014.
[5] Boris Babenko, Ming-Hsuan Yang, and Serge Belongie. Robust object tracking with
online multiple instance learning. IEEE TPAMI, 33(8):1619–1632, 2011.
[6] Daniel Scharstein and Richard Szeliski. A taxonomy and evaluation of dense two-frame
stereo correspondence algorithms. IJCV, 47(1-3):7–42, 2002.
[7] Jerome Revaud, Philippe Weinzaepfel, Zaid Harchaoui, and Cordelia Schmid. Epicflow:
Edge-preserving interpolation of correspondences for optical flow. In Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, pages 1164–1172,
2015.
[8] Artem Babenko and Victor Lempitsky. Aggregating local deep features for image
retrieval. In Proceedings of the IEEE international conference on computer vision,
pages 1269–1277, 2015.
[9] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. Imagenet: A
large-scale hierarchical image database. In Computer Vision and Pattern Recognition,
2009. CVPR 2009. IEEE Conference on, pages 248–255. Ieee, 2009.
[10] Jasper RR Uijlings, Koen EA Van De Sande, Theo Gevers, and Arnold WM Smeulders.
Selective search for object recognition. International journal of computer vision,
104(2):154–171, 2013.
[11] Roland Kwitt, Nuno Vasconcelos, and Nikhil Rasiwasia. Scene recognition on the
semantic manifold. In European Conference on Computer Vision, pages 359–372.
Springer, 2012.
[12] Yu Su and Frédéric Jurie. Improving image classification using semantic attributes.
International journal of computer vision, 100(1):59–77, 2012.
[13] David G Lowe. Distinctive image features from scale-invariant keypoints. IJCV,
60(2):91–110, 2004.
[14] Herbert Bay, Andreas Ess, Tinne Tuytelaars, and Luc Van Gool. Speeded-up robust
features (surf). Computer vision and image understanding, 110(3):346–359, 2008.
[15] Navneet Dalal and Bill Triggs. Histograms of oriented gradients for human detection.
In CVPR, 2005.
[16] Sefy Kagarlitsky, Yael Moses, and Yacov Hel-Or. Piecewise-consistent color mappings
of images acquired under various conditions. In ICCV, 2009.
[17] Matthew Brown and Sabine Susstrunk. Multi-spectral sift for scene category recognition.
In CVPR. IEEE, 2011.
[18] Scott Sorensen, Philip Saponaro, Stephen Rhein, and Chandra Kambhamettu. Multi-
modal stereo vision for reconstruction in the presence of reflection. In BMVC, pages
112–1, 2015.
[19] Erik Reinhard, Wolfgang Heidrich, Paul Debevec, Sumanta Pattanaik, Greg Ward,
and Karol Myszkowski. High dynamic range imaging: acquisition, display, and
image-based lighting. Morgan Kaufmann, 2010.
[20] Francois Pitie, Anil C Kokaram, and Rozenn Dahyot. N-dimensional probability density
function transfer and its application to color transfer. In ICCV, 2005.
[21] Sira Ferradans, Marcelo Bertalmio, Edoardo Provenzi, and Vicent Caselles. An anal-
ysis of visual adaptation and contrast perception for tone mapping. IEEE TPAMI,
33(10):2002–2012, 2011.
[22] Robert William Gainer Hunt. The reproduction of colour. John Wiley & Sons, 2005.
[23] Arjan Gijsenij and Theo Gevers. Color constancy using natural image statistics and
scene semantics. IEEE TPAMI, 33(4):687–698, 2011.
[24] Timo Ojala, Matti Pietikainen, and Topi Maenpaa. Multiresolution gray-scale and rota-
tion invariant texture classification with local binary patterns. IEEE TPAMI, 24(7):971–
987, 2002.
[25] Michael Calonder, Vincent Lepetit, Christoph Strecha, and Pascal Fua. BRIEF: Binary
robust independent elementary features. In ECCV. 2010.
[26] Ramin Zabih and John Woodfill. Non-parametric local transforms for computing visual
correspondence. In ECCV, pages 151–158. 1994.
[27] Heiko Hirschmuller and Daniel Scharstein. Evaluation of cost functions for stereo
matching. In CVPR, 2007.
[28] Yong Seok Heo, Kyoung Mu Lee, and Sang Uk Lee. Robust stereo matching using
adaptive normalized cross-correlation. IEEE TPAMI, 33(4):807–822, 2011.
[29] Yacov Hel-Or, Hagit Hel-Or, and Eyal David. Matching by tone mapping: Photometric
invariant template matching. IEEE TPAMI, 36(2):317–330, 2014.
[30] Paul Viola and William M Wells III. Alignment by maximization of mutual information.
IJCV, 24(2):137–154, 1997.
[31] Graham D. Finlayson, Steven D. Hordley, and Paul M. Hubel. Color by correlation:
A simple, unifying framework for color constancy. IEEE TPAMI, 23(11):1209–1221,
2001.
[32] Simone Bianco, Claudio Cusano, and Raimondo Schettini. Color constancy using cnns.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition
Workshops, pages 81–89, 2015.
[33] Jonathan T Barron. Convolutional color constancy. In Proceedings of the IEEE
International Conference on Computer Vision, pages 379–387, 2015.
[34] Seoung Wug Oh and Seon Joo Kim. Approaching the computational color constancy
as a classification problem through deep learning. Pattern Recognition, 61:405–416,
2017.
[35] Yuanming Hu, Baoyuan Wang, and Stephen Lin. Fc4: Fully convolutional color
constancy with confidence-weighted pooling. In Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition (CVPR’17), pages 4085–4094, 2017.
[36] Graham D Finlayson and Elisabetta Trezzi. Shades of gray and colour constancy. In
CIC.
[37] Gabriel Eilertsen, Rafał K Mantiuk, and Jonas Unger. Real-time noise-aware tone
mapping. ACM Transactions on Graphics (TOG), 34(6):198, 2015.
[38] Seungryong Kim, Dongbo Min, Bumsub Ham, Seungchul Ryu, Minh N Do, and
Kwanghoon Sohn. Dasc: Dense adaptive self-correlation descriptor for multi-modal
and multi-spectral correspondence. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pages 2103–2112, 2015.
[39] Seungryong Kim, Bumsub Ham, Bongjoe Kim, and Kwanghoon Sohn. Mahalanobis
distance cross-correlation for illumination-invariant stereo matching. IEEE Transactions
on Circuits and Systems for Video Technology, 24(11):1844–1859, 2014.
[40] Zhuoyuan Chen, Xun Sun, Liang Wang, Yinan Yu, and Chang Huang. A deep visual
correspondence embedding model for stereo matching costs. In Proceedings of the
IEEE International Conference on Computer Vision, pages 972–980, 2015.
[41] Seungryong Kim, Dongbo Min, Bumsub Ham, Sangryul Jeon, Stephen Lin, and
Kwanghoon Sohn. Fcss: Fully convolutional self-similarity for dense semantic corre-
spondence. In Proc. IEEE Conf. Comp. Vision Patt. Recog, volume 1, page 8, 2017.
[42] Kai Han, Rafael S Rezende, Bumsub Ham, Kwan-Yee K Wong, Minsu Cho, Cordelia
Schmid, and Jean Ponce. Scnet: Learning semantic correspondence. In 2017 IEEE
International Conference on Computer Vision (ICCV), pages 1849–1858. IEEE, 2017.
[43] Nikolai Ufer and Björn Ommer. Deep semantic feature matching. In Computer Vision
and Pattern Recognition (CVPR), 2017 IEEE Conference on, pages 5929–5938. IEEE,
2017.
[44] Aude Oliva and Antonio Torralba. Modeling the shape of the scene: A holistic represen-
tation of the spatial envelope. International journal of computer vision, 42(3):145–175,
2001.
[45] Eric Nowak, Frédéric Jurie, and Bill Triggs. Sampling strategies for bag-of-features
image classification. In European conference on computer vision, pages 490–503.
Springer, 2006.
[46] Li-Jia Li, Hao Su, Li Fei-Fei, and Eric P Xing. Object bank: A high-level image
representation for scene classification & semantic feature sparsification. In Advances in
neural information processing systems, pages 1378–1386, 2010.
[47] Jorge Sánchez, Florent Perronnin, Thomas Mensink, and Jakob Verbeek. Image
classification with the fisher vector: Theory and practice. International journal of
computer vision, 105(3):222–245, 2013.
[48] Yunchao Gong, Liwei Wang, Ruiqi Guo, and Svetlana Lazebnik. Multi-scale orderless
pooling of deep convolutional activation features. In European conference on computer
vision, pages 392–407. Springer, 2014.
[49] Mandar Dixit, Si Chen, Dashan Gao, Nikhil Rasiwasia, and Nuno Vasconcelos. Scene
classification with semantic fisher vectors. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pages 2974–2983, 2015.
[50] Lingqiao Liu, Chunhua Shen, Lei Wang, Anton Van Den Hengel, and Chao Wang.
Encoding high dimensional local features by sparse coding based fisher vectors. In
Advances in neural information processing systems, pages 1143–1151, 2014.
[51] Yunsheng Li, Mandar Dixit, and Nuno Vasconcelos. Deep scene image classification
with the mfafvnet. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, pages 5746–5754, 2017.
[52] Relja Arandjelovic, Petr Gronat, Akihiko Torii, Tomas Pajdla, and Josef Sivic. Netvlad:
Cnn architecture for weakly supervised place recognition. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, pages 5297–5307, 2016.
[53] Peng Tang, Xinggang Wang, Baoguang Shi, Xiang Bai, Wenyu Liu, and Zhuowen Tu.
Deep fishernet for object classification. arXiv preprint arXiv:1608.00182, 2016.
[54] Jeff Donahue, Yangqing Jia, Oriol Vinyals, Judy Hoffman, Ning Zhang, Eric Tzeng,
and Trevor Darrell. Decaf: A deep convolutional activation feature for generic visual
recognition. In International conference on machine learning, pages 647–655, 2014.
[55] Bolei Zhou, Agata Lapedriza, Jianxiong Xiao, Antonio Torralba, and Aude Oliva.
Learning deep features for scene recognition using places database. In Advances in
neural information processing systems, pages 487–495, 2014.
[56] Bolei Zhou, Agata Lapedriza, Aditya Khosla, Aude Oliva, and Antonio Torralba.
Places: A 10 million image database for scene recognition. IEEE transactions on
pattern analysis and machine intelligence, 2017.
[57] Lorenzo Bruzzone and Mattia Marconcini. Domain adaptation problems: A dasvm
classification technique and a circular validation strategy. IEEE transactions on pattern
analysis and machine intelligence, 32(5):770–787, 2010.
[58] Lixin Duan, Ivor W Tsang, and Dong Xu. Domain transfer multiple kernel learning.
IEEE Transactions on Pattern Analysis and Machine Intelligence, 34(3):465–479, 2012.
[59] Mahsa Baktashmotlagh, Mehrtash T Harandi, Brian C Lovell, and Mathieu Salzmann.
Unsupervised domain adaptation by domain invariant projection. In Proceedings of the
IEEE International Conference on Computer Vision, pages 769–776, 2013.
[60] Marian George, Mandar Dixit, Gábor Zogg, and Nuno Vasconcelos. Semantic clustering
for robust fine-grained scene recognition. In European Conference on Computer Vision,
pages 783–798. Springer, 2016.
[61] Fatih Porikli. Integral histogram: A fast way to extract histograms in cartesian spaces.
In CVPR, 2005.
[62] Eli Shechtman and Michal Irani. Matching local self-similarities across images and
videos. In Computer Vision and Pattern Recognition, 2007. CVPR’07. IEEE Conference
on, pages 1–8. IEEE, 2007.
[63] Stefan Leutenegger, Margarita Chli, and Roland Yves Siegwart. BRISK: Binary robust
invariant scalable keypoints. In ICCV, 2011.
[64] Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. Imagenet classification with
deep convolutional neural networks. In Advances in neural information processing
systems, pages 1097–1105, 2012.
[65] Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma,
Zhiheng Huang, Andrej Karpathy, Aditya Khosla, Michael Bernstein, et al. Imagenet
large scale visual recognition challenge. International Journal of Computer Vision,
115(3):211–252, 2015.
[66] Karen Simonyan and Andrew Zisserman. Very deep convolutional networks for large-
scale image recognition. arXiv preprint arXiv:1409.1556, 2014.
[67] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for
image recognition. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pages 770–778, 2016.
[68] Yangqing Jia, Evan Shelhamer, Jeff Donahue, Sergey Karayev, Jonathan Long, Ross
Girshick, Sergio Guadarrama, and Trevor Darrell. Caffe: Convolutional architecture
for fast feature embedding. In Proceedings of the 22nd ACM international conference
on Multimedia, pages 675–678. ACM, 2014.
[69] Kuk-Jin Yoon and In So Kweon. Adaptive support-weight approach for correspondence
search. IEEE TPAMI, 28(4):650–656, 2006.
[70] Heiko Hirschmuller and Daniel Scharstein. Evaluation of cost functions for stereo
matching. In Computer Vision and Pattern Recognition, 2007. CVPR’07. IEEE Confer-
ence on, pages 1–8. IEEE, 2007.
[71] Ce Liu, Jenny Yuen, and Antonio Torralba. Sift flow: Dense correspondence across
scenes and its applications. Pattern Analysis and Machine Intelligence, IEEE Transac-
tions on, 33(5):978–994, 2011.
[72] Xiaoyong Shen, Li Xu, Qi Zhang, and Jiaya Jia. Multi-modal and multi-spectral
registration for natural images. In Computer Vision–ECCV 2014, pages 309–324.
Springer, 2014.
[73] Engin Tola, Vincent Lepetit, and Pascal Fua. Daisy: An efficient dense descriptor
applied to wide-baseline stereo. Pattern Analysis and Machine Intelligence, IEEE
Transactions on, 32(5):815–830, 2010.
[74] Gerardo Hermosillo, Christophe Chefd’Hotel, and Olivier Faugeras. Variational
methods for multimodal image matching. International Journal of Computer Vision,
50(3):329–343, 2002.
[75] D Kinga and J Ba Adam. A method for stochastic optimization. In International
Conference on Learning Representations (ICLR), volume 5, 2015.
[76] Saurabh Singh, Abhinav Gupta, and Alexei A Efros. Unsupervised discovery of mid-
level discriminative patches. In Computer Vision–ECCV 2012, pages 73–86. Springer,
2012.
